This article proposes a collision detection algorithm without external sensors that can detect potential collisions in manrobot interaction. The algorithm is based on a modified first-order momentum deviation observer that also takes friction into account. The collision detection algorithm uses joint angles, angular velocities, and torques during the detection process, without any need to consider angular acceleration. The algorithm also uses an accurate friction model that is based on a Stribeck model with second-order Fourier series compensation. The friction model is applied in advance so that compensation can be made in real time during collision detection. Identification data are filtered through a first-order low-pass filter to reduce high-frequency noise. In order to verify the algorithm, a simulation and experiment were carried out using a collaborative robot experimental platform. The results confirmed that collisions can be detected by setting appropriate threshold values. Different possible responses can be implemented according to different response strategies, with the ultimate arbiter being that collision forces are kept strictly within ordinary human tolerances. This makes sure that safety can be preserved in man-robot interaction processes.
Introduction
With industrial robots becoming more popular in the 3C (computer, communication and consumer electronics) industry, collaborative robots with lightweight, flexible movements, and simple controls have great development potential. However, as collaborative robots share the working environment with people, this makes man-robot interaction inevitable, producing a real risk of accidental manrobot contact. As a result, safety is an important feature in man-robot collaboration algorithms. 1, 2 Safety controls require that robots have the ability to detect possible collisions and respond, making unexpected collisions less likely. 3 This article focuses on collision detection algorithms.
There is a lot of research on collision detection algorithms for collaborative robots, centered on the use of different kinds of external sensors. 4, 5 Sensors used to detect collisions include visual sensors, 6 tactile sensors, 7 laser sensors, 8 and different types of torque sensors. 9, 10 Detection algorithms using external sensors have a number of advantages, including high sensitivity and precision, but the control algorithms are complex. Detecting where collisions might happen often involves multi-sensor combinations, increasing the complexity of the physical structure, threading difficulties, and ultimately, the cost of the robot. This makes collision detection algorithms hard to apply.
Key to overcoming these issues is the elimination of external sensors. Elastic joint modules can limit collision damage using elastic elements while ensuring angular precision, 11 but this has many shortcomings and lacks flexibility. When collision detection algorithms with no external sensors are used, detection is feasible using just observed values calculated using parameters of motion and torque. These can be obtained using internal sensors that collect current values of servo motor and encoder data. The observed values have to meet certain requirements, which are as follows: (1) the value is equal or close to 0 for "no collision"; (2) the value increases very rapidly when collisions occur and with little delay; and (3) the value decays quickly when a collision is terminated. In practice, an appropriate threshold value has to be set. When an observed value exceeds the threshold, a collision is assumed to be happening and a response strategy is implemented. So, detection sensitivity depends on keeping the threshold values to a minimum, which makes it necessary to keep "no collision" observed values as small as possible.
In this regard, making observed values equal to the difference between the torque calculated by the motion parameters and the actual torque has been proposed by Yamada et al. 12 However, this is influenced by acceleration and is hard to apply if the velocities change frequently. A collision detection algorithm based on a disturbance observer was proposed by Haddadin et al. and has been widely applied. 13 However, angular acceleration obtained by differentiating angular velocity is necessary for this. Another detection algorithm based on energy conservation was established by De Luca et al., 14 but here accuracy and rapidity are interdependent and cannot be optimal at the same time.
When angular acceleration is obtained using differentials, the data has a lot of noise and delay. This has recently led to the development of detection algorithms based on generalized deviation of momentum instead of angular acceleration, resulting in greater stability. Relevant research here includes the first-order algorithm proposed by De Luca et al., 15 which has excellent responsivity and accuracy, and the second-order algorithm proposed by He et al. that has more adjustable parameters. 16 This improves the filtering but makes the parameter adjustment more complex. D'Ippolito et al. compared the momentumbased method and an error-based method and proposed a reaction control law to reduce the impact of a collision. 17 Meanwhile, the first-order detection algorithm has been modified by Cho et al. to enable differentiation between intended contact and unexpected collision, using the rate of change of observed values. 18 The second-order detection algorithm was modified to allow for the import of an adjustment function that can improve the performance of the observer tracking for the external torque. However, none of the above-mentioned algorithms consider friction torque. As a result, observed values depend on superimposed torques for friction and collision, which means that the threshold value cannot be set universally and has to be adjusted for different working processes. Some research regarding collision detection in recent years has incorporated aspects of friction into its algorithms. These algorithms mostly use a simple first-order observer with Coulomb and viscous friction compensation [19] [20] [21] and are able to improve the performance to some extent with better collision detection. However, the adopted friction models do not consider the influence of joint angles. This undermines the detection accuracy for collaborative robots that have large assemblies or that are very heavy.
Another issue here is that detection algorithms based on generalized momentum deviation observers require the development of dynamic models. Traditional calculations of observed values do not consider how internal rotating components will impact on the inertia tensor of the joints. However, compensation for inertial forces is essential.
In this article, we present a collision detection algorithm that takes joint friction into account without using external sensors. The algorithm is based on a first-order momentum deviation observer and the need to low-pass filter data in advance. Identification of the friction model is carried out beforehand, and compensation for friction is processed in real time. The friction model is Stribeck model with second-order Fourier series compensation and is suitable when robot joints run at either low or high speeds. To verify the validity of the algorithm, we conducted an experiment using a lightweight modular lab-designed collaborative robot. The results show that the algorithm can accurately calculate observed values, with an observed value close to 0 for "no collision," and a value approximately equal to the external torque when a collision occurs, making collaborative robot collision detection possible for any position.
External torque observer

Design of the external torque observer
The momentum deviation observer can be applied to the identification of friction torques as well. When a collaborative robot has a collision with its external surroundings, there will be torque affecting the joints in front of the collision point because of the collision force. This means that the dynamic equation for a robot with n degrees of freedom (DOFs) can be expressed as
where q, _ q, and € q are vectors with n Â 1 of joint angles, angular velocities, and angular acceleration. MðqÞ is the inertia matrix for the robot. Cðq; _ qÞ is the matrix containing Coriolis and centrifugal terms, and GðqÞ is the gravity vector. t f is the joint friction torque vector produced by transmission; t d is the joint driving torque, which is approximately equal to the product of the motor torque and the reduction ratio; and t c is the joint collision torque produced by an external collision force, which can be calculated thus
where J is the Jacobian matrix, and F c is the collision force. There are many ways to build the dynamic model in equation (1) . In order to express the model explicitly, a dynamic model can be built using a Lagrangian equation. 22 Figure 1 provides a three-dimensional (3-D) model of the target robot, which is a kind of 6 Rotational-joints (6R) nonorthogonal modular collaborative robot.
In order to make the processing of the torque more straightforward, an external torque vector t e was defined. This includes the joint friction torque and the equivalent torque for collision force when transmitted by a harmonic reducer. So
Combined with equation (1), the external torque can now be expressed as
In order to solve equation (4) , while avoiding noise in the process of collecting robot angular acceleration € q at the same time, an external torque observer was designed based on the principle of the conservation of generalized momentum.
The conservation of generalized momentum for a robot can be expressed by
where p is the generalized momentum of the robot, MðqÞ is a positive symmetric matrix, and _ MðqÞ À 2Cðq; _ qÞ is an antisymmetric matrix. 23 _ MðqÞ can therefore be expressed as
Combining equations (4), (5), and (6), the time derivative of p can be expressed by
In order to estimate the external torque t e , the vector r by n Â 1 is defined as
where K r is the gain matrix of the external torque observer, andp is the estimated value of p. Combined with equation (7),p can be expressed by
Integrated with time on both sides of equation (9), the model can be combined with equation (8) and rewritten as
The external torque observer shown in equation (10) is the criterion used to judge whether a collision has taken place or not. The observer only requires the collection of angles, angular velocities, and torques of joints. There is no need to calculate joint angular acceleration.
Algorithmic optimization
If we take the derivative with respect to time on both sides of equation (8), it can be combined with equations (7) and (9) and rewritten as
Using a Laplace transformation on both sides gives
As shown in equation (12), when K r ! 1, if there is no collision, the observer r converges to t f according to the exponent rule. If a collision occurs, r converges to t e . This gives the algorithm two directions: the identification of friction torques and the assessment of collision torques after friction compensation.
The observer also works as a kind of first-order low-pass filter, so an appropriate gain value has to be designed to improve responsivity and ensure robustness.
The collision algorithm being first order, there is just one adjustable parameter. This makes it difficult to provide both accuracy and speed at the same time. A proportional element is therefore introduced: the gain K. The transfer function now reads as
where
Identifying friction in the joint
Building the friction model
Harmonic reducers are widely used in various kinds of robots because they have no gear teeth flank interval and can reach high load/weight ratios. Most robot joints therefore use a combination of servo motors and harmonic reducers. There is a lot of research on modeling and identifying friction. Many models have been proposed, for example, the Coulomb and viscous friction model, 5 the LuGre friction model, 24 the Stribeck friction model, 25 the cubic polynomial model, and the generalized maxwell slip (GMS) model. 26, 27 Torque can be identified by obtaining data from a joint torque sensor or calculated using a dynamic model. Here, however, we present a novel method of identification which uses an external torque observer that does not change a robot's physical structure or import any differential noise.
The modified Coulomb and viscous friction model adopted by Lee and Song 19 is the one that is most often used in man-robot interaction control. It divides friction compensation into three states: static states, quasi-startup states, and running states. These are distinguished by assessing whether the actual speed and setting speed are 0 or not. The disadvantage of this approach is that the impact of the joint angles on the friction torques is not considered. The form of transmission used by harmonic reducers means their friction depends on both angular velocities and the angles themselves. Friction here includes Coulomb and viscous friction. It also depends on cyclical fluctuations of the joints at low speed. This necessitates additional compensation using a second-order Fourier series. For a collaborative robot running at lower speeds, the Stribeck friction model is better able to capture the negative slope of the friction curve. We have therefore adopted a Stribeck model with second-order Fourier series compensation. The model is composed of two parts. The first relates to joint angles
where F p ðqÞ is the friction torque related to joint angles, q is the joint angles, and B 1 ; B 2 ; B 3 ; B 2 are coefficient gains. The other part relates to angular velocities
where F v ð _ qÞ is the friction torque related to angular velocities, f c is the Coulomb friction force, f s is the static friction force, _ q is the joint angular velocities, _ q s is the Stribeck speed, and f v is the viscous friction coefficient.
If we combine the two parts, the friction model for a harmonic drive joint can be expressed as
where t f is the total friction torque of the joint. Friction needs to be identified and processed for six joints independently. The joints have to run without load and external collision force, and the angles, angular velocities, and joint torques need to be collected. If the rotation axis of the joint is parallel to gravity, joint torque is equal to friction torque. To make the curve fit better in a MATLAB [Version R2015a] environment, the fitting function can be rewritten as
where a; b; c; d; e; f ; g; h are the fitting coefficients, t f is the friction torque of the joint, _ q is the angular velocity of the current joint, and q is its angle.
Friction identification experiment
Filtering preprocessing. Information such as angles, angular velocities, and joint torques, collected by collaborative robots in real time, contain noise with different frequencies, especially high-frequency noise produced by the sampling process. Some filtering therefore has to be conducted in advance. Commonly used low-pass filters include average filters, Kalman filters, 28 and the multi-order filter proposed by Gandhi et al. 29 Here, the filtering processing is carried out after collecting the information, rather than after the calculation of observed values, thereby avoiding any cumulative error and providing greater robustness and a lower wrong detection ratio.
Average filters have been proved to have low offset and a simple structure, but their filtering effect is poor. Kalman filters were first proposed for flight guidance and quickly spread to other fields. They obtain a true value by estimating the prior value and observing the current value. These necessitate much less storage capacity, making them suitable for real-time applications. However, high-frequency sampling significantly increases the amount of calculation, and the cumulative error causes data distortion. Multi-order filters work by changing amplitude in the frequency domain. This requires a simple algorithm, has good real-time capability, and produces a value very close to the true value. The structure of the filter model is The trajectory of a robot is set in advance, and the motion parameters and torque information are collected through the drive program of the controller, whose sampling interval is 0.01 s. The torque curve before and after filter processing is shown in Figures 2 and 3 , respectively. Increasing the order of the filter reduces stability and affects the observed value. The filter therefore uses a stable first-order filter where the time coefficient is equal to five times the sampling time, that is, 0.05 s. The transfer function is
It can be seen in Figure 3 that the filtering effect is obvious and noise fluctuations are low. As required, the model is close to the true value. Thus, the selected lowpass filter filters the noise effectively and provides a smooth curve. The calculated value after filtering has a data error of under 10%.
Joint friction identification. The torques generated by friction account for a large part of the torque overall, so it is important to identify and compensate for joint friction torque. Friction torque is generated mostly by the secondary reduction transmission in the reducer and contact between the belt and the wheel.
The friction model here relates to the direction of the joint's angular velocity, so identification has to be carried out twice, on either side of the direction. The following is an example of identification processing for joint 1 in a positive direction. The adopted trajectory used uniform acceleration and deceleration. This made it easier to collect the torque information for different angular velocities and it could be fitted to the friction curve more effectively. A single identification experiment collected 2048 data points; 1212 data points were stored during the joint 1 identification after setting the trajectory, collecting the information, filtering, and taking out the point of greatest deflection. The data points were fitted using the least square method with a MATLAB toolbox. The fitting function adopted the model expressed in equation (17) . The results are shown in Figure 4 , and the fitting coefficients for all joints are shown in Table 1 . Figure 5 is the fitting curve for the model adopted in the study by Lee and Song. 19 The root mean square error (RMSE) here is equal to 8.827. In novel model, it is 4.88. This confirms that the novel model is able to fit the joint friction curve more effectively, with an RMSE that is reduced by an average of 40% after calculation.
Having compensated for friction torque, an observed value curve for external torque is shown in Figure 6 . The curve fluctuates around 0, making it in line with the original requirements. The fluctuations are caused by many factors, such as variance in the dynamic model, manufacture deviations, collected information variance, variance in the friction model, and so on. These deviations can be controlled by setting an appropriate threshold value for the collision detection observer. 
Collision detection algorithm
Algorithm construction and inertia compensation
Our collision detection algorithm was built using the momentum deviation observer discussed in the previous section. Specifically, it involves rewriting equation (10) 
where rðtÞ is the collision judgment index. Inertia compensation is based on the structure of the joint model. The lightweight lab-built collaborative robot was designed using modularization. The robot had six DOFs (6-DOF), which meant there were six modules that could run independently. The structure of the modules is shown in Figure 7 . The whole joint was hollow and vertical, so that the servo motor and brake were parallel and could transmit torque to the reducer belt wheel using a synchronous cog belt. This joint has a compact structure and is lightweight and very accurate, producing excellent reliability. The series of hollow collaborative robots proposed here generally have a high load/weight ratio, simple assembly, and a reliable structure. As shown in Figure 7 , when the robot is running, the brake and motor charge at the same time, so the brake belt wheel is in a free state, and the reducer wheel rotation is driven by the motor wheel. When the robot stops, the brake and motor lose electricity at the same time, and without drive from the motor, the reducer wheel stops rotating because the brake wheel is fixed. The inertia tensor was measured by SolidWorks software [SolidWorks Premium 2013 SP4.0], so it's necessary to consider inertia compensation for the rotating components. In order to acquire an accurate dynamic model of the running robot, the moment of the motor, reducer belt wheel, and other transmission segments need to be considered as equivalent to the output of the reducer for joint i. So, the inertia momentum Iz i of joint output can be expressed by
where I reducer is the inertia momentum of the reducer, I motor is the inertia momentum of the motor, I belt1 is the inertia momentum of the belt wheel of the motor, i m is the reducing ratio between the belt wheel of the motor and the belt wheel of the reducer, I belt2 is the inertia momentum of the belt wheel of the brake, and i b is the reducing ratio between the belt wheel of the brake and belt wheel of the reducer.
Simulation using the collision detection algorithm
Our collision detection algorithm based on the momentum deviation observer was proposed above. In order to verify the model's validity and optimize it, we simulated application of the algorithm. Unified simulation processing was carried out in a motion/SolidWorks and a Simulink/MATLAB environment. The angles, angular velocities, and torques of the joints were obtained using simulation in the motion environment. Numerical simulation was then carried out in the Simulink environment using the motion parameters. The simulation workflow is shown in Figure 8 .
Physical simulation was carried out in the motion environment. This has the advantage of being straightforward and comprehensive. The angle movement function was provided for each joint. The angles of the initial point and endpoint are shown in Table 2 , and the whole trajectory curve for the joint is shown in Figure 9 .
Collision force was added at the wrist joint as shown in Figure 10 . A vertical upward force F c equal to 10 N was added after 3 s and lasted for 1 s. The motion information and joint torques were then obtained.
The collision detection observer was built in a Simulink environment as shown in Figure 11 . Then, the simulation was carried out. Figures 12 and 13 show the collision detection observed value curves for joints 2 and 3. There is an obvious peak in both figures. The observed values tracked the actual torque curve effectively, so the algorithm was verified, showing both excellent responsiveness and accuracy.
The relationship between collision force and joint collision torque was expressed in equation (2) . This can therefore be used to calculate the joint torque produced by collision force. The observed values can track joint collision torque better with adjusted parameters. In the results shown in the figures above, the parameters K 1 and K 2 were equal to 25 and 0.95, respectively.
Because there was no friction force during the simulation, the external torque was equal to the collision torque. The final overshoot of the observer model needs to be decreased as much as possible to ensure responsiveness. To this end, the parameters can be adjusted to specific working conditions, thus improving the robustness of the observer. The novel detection algorithm uses joints as collision detection units. This is unaffected by the number of joints, strengthening the scope of its potential applicability. The observed values for the joints are calculated separately and a collision is considered to be happening if any joint values exceed the threshold. This makes the approach suitable for many kinds of jointed robots. In order to prove the sensitivity and scope of the algorithm, a second simulation based on the well-known 7-DOF collaborative robot KUKA (Germany) iiwa R820 was carried out. The model considered friction using the parameters obtained for the 3-D model that were modified according to the works of Jubien et al. 30 The coefficients of the observer were the same as in the first simulation. The trajectory was set to point-to-point mode, and the collision force was horizontal and equal to 8 N. This was applied at the sixth joint, as shown in Figure  14 . The observed value curves without and after friction compensation are shown in Figures 15 and 16 , respectively.
It can be seen from the comparison that the collision torque was disrupted by the friction torque when there was no compensation. Additionally, the small collision force never reached the threshold value of 8 Nm. After compensation, the threshold value was set much lower (i.e. 1 Nm), and the collision was able to be detected. In fact, the threshold values for each different joint can be set to something different, thus achieving better sensitivity and overstepping any possible blocking of the collision detection.
Experimental analysis
In order to verify the practical applicability of the collision detection algorithm, an experiment was set up. The equipment used was a lab-built hollow collaborative robot as shown in Figure 17 . A C# program was written in the Microsoft Visual Studio environment, which included filter processing, calculation of observed values, collision judgment, and response strategies. By producing an actual collision with a collaborative robot, it was possible to acquire final results and verify the algorithm. Robots move in different directions with different velocities and acceleration, and it is possible to get a range of observed values. The extremes of these values decide at what level the threshold value needs to be set to avoid erroneous detection without external interference.
The collision experiment was conducted in the same way as the first simulation. The start and end postures for the trajectory are shown in Figure 17 . The observed value curves without and after friction compensation are shown in Figures 18 and 19 , respectively. When there was no compensation, the shifts in the curve are nowhere near as obvious as they are in Figure 19 . According to the results, the algorithm meets the requirements effectively. If the observed value exceeded the threshold, the robot adopted a response strategy. Different response strategies produce different results, ensuring man-robot collaboration safety.
In Figure 19 , joints 2 and 3 are sensitive to this type of collision force depending on its position and direction. This enables the collision position to be detected.
If the collision force was increased and the experiment rerun, the observed values increased as well. In Figure 20 , the threshold value was set at 7 Nm. As shown in Figures 21 and 22 , the collision force was measured using a push-pull dynamometer (made by Yueqing Handpi Instruments Co., Ltd, China). The collision forces were measured at different tool center point (TCP) velocities using different threshold values shown in Table  3 . The measurements were carried out using the algorithms with and without friction compensation, and two typical forces were applied. Joints 2 and 3 are more sensitive under vertical forces and joint 1 is more sensitive under lateral forces. The smaller the threshold values, the more easily the collision can be detected and the collision forces reduced. The threshold values can be set to be the same, because the observed values are small enough after compensation. However, the threshold value must be set differently if there is no compensation. Without compensation, the sensitivity of the observer to the forces in different directions changes. For example, the lateral negative force is equal to 38 Nm, but the positive force is up to 58 N. This is because, when the collision torque is in an opposite direction to the friction torque, the observed values decrease and the collision can't be detected. After compensation, the sensitivity of the observer is stable, which leads to a better performance. In summary, then, the overall collision forces can be affected by the threshold values, the force types, and the velocities of the TCP. The forces were measured 10 times for each velocity and calculated in average. The experiment verified that the actual measured average collision forces were lower than the human tolerance limit of 65-165 N, so safety can be ensured.
Conclusion
In order to ensure the safety of human interactions with collaborative robots, a collision detection algorithm was proposed that takes friction into account. The algorithm can detect collisions without changing a robot's physical structure and adding external sensors. The algorithm displays good accuracy and real-time performance. The associated model is able to adjust parameters and achieve both excellent responsiveness and decreased overshoot. A friction compensation model was adopted that considers the actual running condition of the robot in order to ensure that observed values are only affected by collision torque. The inertial forces produced by rotating components were compensated for using software analysis, thereby achieving the goal of improved accuracy for both the dynamic model and the collision detection algorithm. Filter processing was used to reduce high frequency noise, thus eliminating interference from other factors and enhancing reliability. Using software simulation and actual experiments, the collision detection algorithm was shown to track collision torque effectively. Observed values fluctuate around 0 without collision. A suitable threshold values were set to make the robot run normally under non-collision conditions. The algorithm uses joints as detection units, so that a variety of response strategies can be established. The algorithm has a simple structure and wide adaptability, so its application value is significant. 
